Abstract. Accurate high-resolution estimates of precipitation are vital to improve the understanding on 9 basin-scale hydrology in mountainous areas. The traditional interpolation methods or satellite-based remote 10 sensing products are known to have limitations in capturing spatial variability of precipitation in mountainous 11 areas. In this study, we develop a fusion framework to improve the precipitation estimation in mountainous areas 12 by jointly utilizing the satellite-based precipitation, gauge measured precipitation and vegetation index. The 13 development consists of vegetation data merging, vegetation response establishment, and precipitation remapping. 14 The framework is then applied to the mountainous area of Nu River basin for precipitation estimation. The results 15 demonstrate the reliability of the framework in reproducing the high-resolution precipitation regime and capturing 16 its high spatial variability in Nu River basin. In addition, the framework can significantly reduce the errors in 17 precipitation estimates as compared with the inverse distance weighted (IDW) method and TRMM (Tropical 18 
where is the mean annual precipitation of all gauges, O i the mean annual precipitation of gauge i, P i the 112 estimated precipitation at gauge i, and n the total number of gauges. 113 114 Also, considering the annual variability of precipitation, the regression model is further determined for two 115 temporal scales: 1) entire period covering all the study years and 2) individual year of the entire study period. The 116
Regression Models for Entire study period and for Individual years are thus termed as RME and RMI, 117 respectively. RME can utilize the full knowledge of precipitation characteristics of the entire study period, 118 whereas RMI implies the inter-annual variability. Besides, RME can reasonably reconstruct the precipitation 119 series of the years when data gaps exist. 120
121
The calibration-validation procedure for each candidate model is conducted under three scenarios with different 122 numbers of gauge and/or years: 123 a) Fully random: random number of gauges and random number of years are independently used for 124 calibration and validation; 125 b) All gauges, partial period: all the gauges will be involved in both procedures, but only 2/3 of years will 126 be randomly chosen for calibration and the other years for validation; 127 c) Partial gauges, entire period: all years will be used, but only 1/3 of gauges will be randomly chosen for 128 calibration and other gauges for validation. 129
For each scenario, the calibration-validation procedure will be performed for one hundred samples determined 130
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RSBP product remapping 134
With the optimized vegetation dataset and precipitation-vegetation regression model, the RSBP product is then 135 remapped over the study region. Thanks to the finer resolution of NDVI dataset than RSBP product and the 136 accurate estimate of precipitation by gauges, the remapped RSBP product is expected to provide more detailed 137 spatial characteristics of precipitation over mountainous areas. 138 3 Study area and datasets for framework application 139
Study area 140
The Nu-Salween basin (Fig. 2) , where 6 million people are living, is one of the largest river basins in South Asia 141 and spreads across three countries with an area of 324,000 km 2 . This study focuses on the Chinese part of the 142 Nu-Salween basin (termed as Nu river basin hereafter), where the elevation ranges from 446 m to 6134 m and the 143 narrowest part is only 24 km. The annual precipitation of the Nu river basin ranges from 400 mm to 2000 mm with 144 an average of 900 mm and the mean annual runoff is 69 km 3 . The precipitation of the Nu river basin generally 145 decreases from southwest to northeast and demonstrates high variability due to mountain weather systems (e.g. 146 the difference in annual precipitation between the mountaintop and valley of Gongshan is larger than 1000 mm). 147
Thanks to the adequate rainfall and minimal human perturbation, the Nu river basin has an extensive vegetation 148 coverage with the dominant type as grassland in the Qinghai-Tibetan Plateau (upper basin) and mixed forest in 149
Yunnan province (lower basin). However, the dense vegetation cover increases the difficulty in conducting 150 precipitation observations and only 13 gauges are very unevenly distributed over the whole basin of 142,479 km 2 , 151 which makes it highly challenging to obtain the accurate spatial precipitation characteristics with traditional 152 interpolation approaches. Although the RSBP products are available for this area, they are too course (usually with 153 a spatial resolution of ~50 km) to capture the high spatial variability of precipitation. 154
156
Considering the limited number of gauges (i.e. 13) in the Nu river basin, an enlarged area covering 23°N-33°N 157 Hydrol. Earth Syst. Sci. Discuss., doi:10.5194/hess-2016 Discuss., doi:10.5194/hess- -611, 2016 
Vegetation data 162
In this study, we use the two MODIS (moderate resolution imaging spectoradiometer) vegetation products, 163 MOD13A3 (termed MOD hereafter) and MYD13A3 (termed MYD hereafter), in the application of the fusion 164 framework. Both the MOD and MYD datasets contain 10 sub-datasets consisting of NDVI, EVI and pixel 165 reliability. The pixel reliability is an accuracy metric of the data quality pixel and has four valid values: 0 for good 166 accuracy, 1 for marginal accuracy, 2 for snow/ice, and 3 for cloud. Based on the pixel reliability information, the 167 NDVI values are either selected for corresponding pixel reliability levels being 0 and 1 or discarded as anomalies 168 otherwise. 169
170
The MOD dataset is used as benchmark while MYD is taken as the alternative for occasions when MOD data are 171 missing or have large uncertainties. Since both the MOD and MYD datasets are extracted from different satellites 172 at different transit times, systematic errors may exist in the difference between the two datasets. As such, we 173 construct two regressions to remove their systematic errors: one is based on a subset with both MOD and MYD of 174 good accuracy (reliability = 0), and the other on a subset with MOD of marginal accuracy (reliability = 1) and 175 MOD of good accuracy (reliability = 0). After the removal of systematic errors, a merged dataset of MOD and 176 MYD (termed MMD hereafter) is generated under the criteria given as follows: 177
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Biosphere Programme) classification is adopted in this study for its wide applications. Due to mismatch in spatial 183 resolutions between MMD and MCD12Q1 datasets, the MCD12Q1 dataset is upscaled to 1km as MMD for outlier 184 identification. It should be noted that for any of the four 500 m pixels in MCD12Q1 classified as water, urban, 185 snow or ice, the upscaled 1 km pixel will be assigned with a missing value (i.e. -9999) and the corresponding 186 NDVI pixel will be identified as an outlier. 187 
Model calibration and validation 195
Based on the results of six evaluation metrics for different regression form candidates (not shown here), the 196 2 nd -order polynomial is chosen as the regression model form in this study: 197
where p denotes precipitation amount in mm, and a, b and c are regression coefficients. The results of regression 198 coefficients and evaluation metrics are given in Table 1 , and the NDVI-precipitation relationships for the study 199 period are demonstrated in Fig. 3 . 200 201 The best performance of the regression model is found within 0.2 < NDVI < 0.7 and 400 mm year -1 < p < 1500 mm 202 year -1 . Larger errors are found at pixels with NDVI larger than 0.7 or annual rainfall larger than 1500 mm, 203 implying the water supply is no longer a determinant of vegetation growth as annual rainfall exceeds a certain 204 threshold. 205
206
In general, the RMIs demonstrate better performance than RME, which can be attributable to the less variability of 207 precipitation in a single year than the whole study period. It is also noted that the R 2 values of RMIs for drier years 208
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model. 218 219
Scenario a is designed to examine inter-annual stability in the performance of regression models, where the good 220 performance indicates the acceptable ability of the RME model in estimating precipitation during periods when 221 precipitation measurements are not available. Scenario b and c investigate the impacts of spatial and temporal 222 coverages of measurements, respectively. It is noteworthy that under scenario b better performance in regression 223 models is observed as compared with scenario c, implying greater importance of spatial coverage of 224 measurements in conducting the regressions. In addition, the results of calibration is better than validation as 225 revealed by all metrics criterions as expected. However, the differences between calibration and validation are not 226 significant, implying the consistent performance of regression models under various scenarios. 227
228
The performance of RME is further assessed by comparing the estimates against observations (Fig. 5) , and good 229 agreement between estimates and observations is observed. It should be noted the RME shows difficulty in 230 estimating precipitation larger 2000 mm ( cf. the dashed line in Fig. 5 ), implying the limitation of the fusion 231 framework inherited from the oversaturation effect of vegetation index. 232 233
Spatial characteristics of precipitation 234
The spatial characteristics of precipitation of the study area are investigated with RME for the whole study period 235 (Fig. 6) . The annual precipitation is observed to decrease from south to north and from west to east and its spatial 236 variability is clearly demonstrated. Two "hot-spot" regions, whose annual precipitation exceeds 1500 mm, can be 237
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Model performance comparison 246
The performance between IDW approach, TRMM product and the fusion framework is compared in this section. 247
In general, the IDW approach is unable to demonstrate the high spatial variability though it can capture the general 248 spatial distribution of whole basin (Fig. 8a) as TRMM (Fig. 8b) . Due to the coarse spatial resolution, TRMM 249 cannot capture the high variability in the river valley where the elevation varies significantly. 250
251
To demonstrate the advantage of the fusion framework, a cross-validation is conducted against the randomly 252 sampled gauge observations by varying the number of samples (1 -40) . The cross-validation shows higher RMSE 253 for the IDW approach, followed by TMMM and RME (Fig. 9a) . A higher mean MRE of 15% is observed for 254 TRMM than IDW (8%) and RME (5%) while the difference in MARE are minimal between TRMM and IDW. 255
The results indicate an overestimated precipitation by TRMM as compared to gauge observations. Table 3  256 summarized the maximum, minimum and mean values of each method and shows the relative difference 257 between RME and other two methods. On average, RMSE of RME is smaller than that of IDW and TRMM by 258 20.4% and 17.4%, respectively. In general, the fusion framework demonstrates better performance than the other 259 approaches. 260
261
To further evaluate the performance of RME, the annual averages of precipitation of five hydrological stations 262 (locations refer to Fig. 6 ) and whole basin estimated by the three approaches (IDW, RME and TRMM) are 263 compared (Fig. 10) . At the whole basin scale, the estimate by RME is 5.2% higher than that of IDW while 7.9% 264 lower than TRMM. Although the difference between the three approaches is minimal at the basin scale, the 265 difference at the sub-basin scale is remarkable. In the upstream region (i.e., Gongshan sub-basin) located in 266
Hydrol Tibet Plateau, TRMM overestimates precipitation by 13.2% while IDW underestimates by 7.6% as compared 267 with RME. In the other four downstream sub-basins, estimates by RME are larger than those by IDW and TRMM. 268 In general, in the midstream and downstream regions with large variability in terrain height, RME gives larger 269 estimates of precipitation than IDW and TRMM. 270 EVI is unavailable, NDVI is a satisfactory index that can be used in the fusion framework. 287 288
Influence of other ambient determinants 289
One major assumption of the proposed framework is that precipitation is the only determinant of vegetation 290 growth and thus NDVI is regarded as a proxy for precipitation. However, other ambient factors, such as soil 291
properties, solar radiation, air temperature, elevation, etc., may significantly influence the vegetation growth as 292 well as NDVI values. Considering the data availability of various ambient factors, air temperature and elevation, 293 in addition to NDVI, are adopted as extra determinants to establish the regression models, which are thus termed 294
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as RME+T and RME+H for air temperature and elevation, respectively. We note that for simplicity, the extra 295 determinants are assumed to have linear relationship with precipitation. 296
297
The difference in R 2 , RMSE, and MARE between the three models are minimal and the regression coefficients of 298 the three models are very close to each other ( Table 5 ). The negative regression coefficient of temperature in 299 RME+T indicates that precipitation decreases as the temperature increases, whereas the negative regression 300 coefficient of elevation in RME+H indicates that precipitation decreases as the elevation increases. Since the 301 temperature decreases with the increase in elevation, RME+T and RME+H essentially provides consistent 302 estimates of precipitation. It is also noted the added information by extra determinants (i.e., air temperature and 303 elevation) is in fact minimal. As such, we consider RME only based on vegetation index as a simple and efficient 304 model for precipitation estimation. The performance of the fusion framework was also compared with the IDW approach and TRMM product and the 316 comparison results indicated that the fusion framework generally outperformed other approaches in estimating 317 precipitation in mountainous areas according to the chosen metrics. On average, the RMSE of the fusion 318 framework is 20.4%, 17.4% smaller than that of IDW and TRMM, respectively. MRE of the fusion framework is 319 1.2%, 71.5% smaller than that of IDW and TRMM. MARE the fusion framework is 18.9%, 28.3% smaller than 320 that of IDW and TRMM. 321 322 Hydrol. Earth Syst. Sci. Discuss., doi:10.5194/hess-2016 Discuss., doi:10.5194/hess- -611, 2016 Manuscript under review for journal Hydrol. Earth Syst. Sci. Published: 23 November 2016 c Author(s) 2016. CC-BY 3.0 License.
The success of application of the fusion framework in the Nu River sheds light on the precipitation estimation in 323 mountainous areas by using multi-source datasets. One limitation of this work that should be appreciated is the 324 limited application in a single mountainous basin. Also, possibilities of using other vegetation datasets under this 325 fusion framework can be explored in the future. 326
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Merging of NDVI datasets 334
The merge work improved the accuracy as expectation, Fig. A1 shows monthly error rate of MOD and MMD. 335
Error rate is defined as the ratio of the pixel which quality value is over 1. From Fig. A1 , the error rate of MMD 336 decrease reduced every month. For average over 5% error rate is reduced by the merge work. Some months over 337 20% error rate is reduced. 338 339 Fig.A2 shows that the accuracy of MMD is significantly improved in a ridge area covering about 23°10′N-340 23°40′N and 98°30'E-99°E. Fig. A2b shows NDVI value near right and left boundary is underestimated by 341 MOD. Fig.A2c shows NDVI value middle boundary is underestimated by MYD. Both the underestimation near 342 the boundary of MOD and MYD is amended (Fig. A2a) . Fig.A3 show the three NDVI series for one rain gauge. 343
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